In this paper, we attempt to search for an optimal Autoregressive Moving Average (ARMA) model that best forecast hepatitis B virus infection among blood donors in Lafia-Nigeria. The study uses monthly data in Lafia-Nigeria for the period of 11 years 6 months from
INTRODUCTION
Hepatitis B is a highly contagious liver disease caused by infection with the hepatitis B virus (HBV). The hepatitis B virus is known as a bloodborne virus because it is transmitted from one person to another. The virus is spread when blood, semen, saliva, vaginal fluids (including menstrual blood) and other bodily fluids from an infected person enter the body of an uninfected person. Possible methods of transmission include: transfer from mother to baby during birth, being pricked with a contaminated needle, close contact with a person with HBV, sex (oral, vaginal, and anal), using an infected toothbrush or razor. Symptoms may not occur for a few days or longer after contracting the virus. However, one is still contagious, even without symptoms. Symptoms of hepatitis B may not be apparent for months or years. However, common symptoms include: dark urine, joint pain, loss of appetite, fever, abdominal discomfort, weakness, yellowing of the whites of the eyes (sclera) and skin (jaundice).
The complications of HBV without early treatment include: liver scarring (cirrhosis), liver failure, kidney cancer, kidney failure and liver cancer. Another possible complication is hepatitis D infection. It is only people with HBV that can contract hepatitis D. A combined infection can cause serious liver problems.
Hepatitis B virus infects liver cells (hepatocytes) and can cause both acute and chronic disease. Acute hepatitis lasts for less than 6 months while chronic hepatitis lasts for more than 6 months [1] . Acute infection does not usually require treatment. Most people overcome an acute infection on their own. Chronic infection requires antiviral medications for treatment which help in fighting the virus and may also reduce the risk of future liver complications [2] . Persons with chronic hepatitis B virus (CHB) are at risk of developing serious sequelae, such as cirrhosis and hepatocellular carcimona [3] .
Hepatitis B is one of the prevalent diseases in the world and a major cause of morbidity and mortality [4] . According to Lavanchy [5] an approximate population of 2 billion people worldwide has been infected with the hepatitis B virus (HBV). Despite the availability of highly effective vaccine against hepatitis B virus there are still over 350 million chronic carriers worldwide, of whom possibly one million die annually from cirrhosis and/or hepatocellular carcinoma [6] . HBV infection accounts for 0.6 to 1.2 million global deaths annually [7, 8] .
Empirical literature on modeling and forecasting of hepatitis B virus are well documented in the literature, see for example; [9] conducted a historical cohort study on HBV incidence in the Hamadan Province of west o Iran from 2004 to 2012. They employed Weighted Markov Chain (WMC) method and two time series models including Holt Exponential Smoothing (HES) and SARIMA model. The results of the different methods were compared to correct percentages of predicted incidence rates. The overall incidence rate of HBV was estimated to decrease over time. The comparison of results of the three models indicated that in respect of the existing seasonality trend and non-stationarity, the HES had the most accurate prediction of the incidence rates. Gan et al. [10] conducted a study to compare and evaluate the prediction of hepatitis in Guangxi Province of China using back propagation neural networks based genetic algorithm (BPNN-GA), generalized regression neural networks (GRNN), and wavelet neural networks (WNN). In order to compare the results of forecasting, the data obtained from 2004 to 2013 and 2014 were used as modeling and forecasting samples, respectively. The results showed that when the small data set of hepatitis had seasonal fluctuation, the prediction result by BPNN-GA was better than the other two methods. The WNN method was more suitable for predicting the large data set of hepatitis that had seasonal fluctuation; it was the same for the GRNN method when the data increased steadily. Wang et al. [11] modeled and compared ARIMA model and Grey model (GM (1,1) model) for forecasting hepatitis B incidence in China using monthly data from March, 2010 to October, 2017. ARIMA model showed better hepatitis B fitting and forecasting performance than GM (1,1) model. The forecast results indicated that hepatitis B incidence in China might have a slight fluctuation for the forecasted period of November, 2017 to March, 2018. Zhang et al. [12] modeled and predicted hepatitis B incidence in Iran using time series analysis.
In Nigeria, HBV is reported to be the most common cause of liver disease. Several authors have reported on the prevalence of HBV among sub-populations in Nigeria with varying estimates depending on population studied and methods used. However, there is no reliable nationwide survey of HBV exposure in the average risk population and in subgroups most likely to benefit from early detection, surveillance, and treatment. Vaccination against the hepatitis B virus (HBV) is lower in Nigeria than any other West African nation of the many Sub-Saharan African countries.
Due to the severe health impact of hepatitis B infection, there is a growing need for methods that will allow forecasting and early warning with timely case detection in areas of unstable transmission, So that effective control and preventive measures can be implemented. This study contributes and extends the existing literature by modeling and providing short-term forecasts on hepatitis B virus infection among blood donors in Lafia-Nigeria using time series techniques and more recent data.
MATERIALS AND METHODS

Data and Source
The data use for this study comprises serologically confirmed cases of hepatitis B virus infection among blood donors in Lafia town, Nassarawa state in Nigeria from January 2007 to June 2018. The data consists of 138 monthly observations of persons believed to be residents of Lafia town. The data was obtained as secondary data from the two tertiary health institutions in Lafia town. The General Hospital Lafia and Dalhatu Araf Specialist Hospital, Lafia, Nassarawa state-Nigeria.
Some Basic Concepts
Let { } be a stochastic time series process. We define as a sequence of hepatitis B virus infection indexed by time. We shall be using to refer to a series throughout our study.
Autocorrelation Function (ACF)
We define the Autocorrelation function (ACF) of a stationary series { } as:
where = 1 and − 1 ≤ ≤ 1 otherwise. The sample autocorrelation function can be estimated by:
which is the OLS estimator in = + + e . The 95% confidence bounds are given by ±1.96/√ , where T is the number of observations.
Partial Autocorrelation Function (ACF)
The partial Autocorrelation Function (PACF) is the correlation between and after the data has been corrected for intermediate lags , … , . The PACF can be estimated as the OLS estimator in the regression
where the intermediate lags are included. Under the assumption of white noise, = = ⋯ = 0, it holds that = .
Stationarity of order M
A stochastic time series process { } is stationary of order M if for any admissible set { , , … , } and for any , the joint moments of { , , … , } up to order M exists, and are equal to the joint moments of { , , … ,
Weakly or covariance stationary
A stochastic time series process { } is said to be weakly or covariance stationary if its mean and variance are constant over time and its covariance function depends only on the time lag. A covariance stationary series satisfies the following conditions:
is a function of − = only where is the lag.
Model Specification
Autoregressive model
An autoregressive model of order one, AR (1) is specified as:
where is hepatitis B virus infection response variable at time , is a purely random process with mean zero and variance , is a constant and is an autoregressive parameter and the subscript 1 is the order of the autoregressive parameters which increase with increases in
. The values of which would make the process to be stationary are such that the roots of the polynomial equation [ ] = 0 lie outside the unit circle in the complex plane. L is the lag operator such that = and = 1 − .
Moving average model
Suppose that { } is a white noise process with mean zero and variance , then the process is said to be a moving average model of order one, MA (1) if
Where is the moving average parameter. The subscript on is called the order of moving average parameter.
Autoregressive moving average model
A stochastic process resulting from the combination of autoregressive and moving average models is called an Autoregressive Moving Average (ARMA)
model. An ARMA model of order one, ARMA (1,1) is specified as:
To obtain stationarity for this model the equation [ ] = 0 has its roots outside the unit circle and the root of [ ] = 0 must lie outside the unit circle for the process to be invertible. Equation (6) is the theoretical model which serves as a basic framework of our analysis.
Model Order Selection
We used the following information criteria for model order selection in conjunction with log likelihood function: Akaike Information Criterion (AIC) due to Akaike [13] and Schwarz information Criterion (SIC) due to Schwarz [14] .
where is the number of free parameters to be estimated in the model, T is the number of observations and L is the maximum likelihood function.
Some Statistical Tests
Dickey-fuller generalized least squares (DF GLS) unit root test
If is the series under investigation, the DF GLS test is based on testing.
: = 0 (The series contains unit root) against : < 0 (The series is stationary) in the following regression
where is the detrended series. Detrending depends on whether a constant or a constant and trend are included in the model. We reject if the DF-GLS test statistic is less than the critical value of the test at the designated test sizes. Elliot et al. [15] show that de-trending in this way produces a test that has good power properties.
Portmanteau test
A Portmanteau test is a test used for investigating the presence of autocorrelation in time series. The test checks the following pairs of hypotheses:
: , = , = ⋯ = , = 0 (all lags correlations are zero) against.
: , ≠ , ≠ ⋯ ≠ , ≠ 0 (there is at least one lag with non-zero correlation). The test statistic is given by:
for ̅ = denotes the autocorrelation estimate of squared standardized residuals at lags. T is the sample size, Q is the sample autocorrelation at lag k. We reject if p-value is less than = 0.05 level of significance [16] .
Forecast and Forecast Evaluation
Suppose the sample we wish to forecast is = + 1, + 2, … , + ℎ, and denote the actual and forecasted value in period as and , respectively. The reported forecast error statistics are computed as follows: 
where ℎ is the number of steps ahead that we want to predict, and is the total sample size. For additional discussion of forecast evaluation see [17] .
RESULTS AND DISCUSSION
Graphical Examination of the Series
The data generating process of the series are first examined using time plot after transforming the original series into natural logarithms. The result of time plot of the series is presented in Fig. 1 .
The time plot of the transformed series reported in Fig. 1 indicates a stable and smooth trend which suggests that the mean and variance of the series are constant over time (homoskedastic). This means that the natural log of the series in level is weakly stationary. Although, we will further investigate this by considering the autoregressive function (ACF) and partial autoregressive function (PACF) of the series reported in Fig. 2 .
The plots of ACF and PACF of the series reported in Fig. 2 suggest that the series in stationary in level since all the lags are inside the confidence bounds. This is an indication that the residual of the series are purely random process. This also shows that the series is independent of time (i.e., the infection in the current month does not depend on the infection of the previous month and vice versa). We also consider the Qstatistics for autocorrelation of the series. The result is presented in Table 1 .
The p-values of the Q-statistics of the series reported in Table 1 are highly statistically insignificant. This is one of the properties of a dynamically stable and stationary series whose residuals are purely random process. The Qstatistics of the ACF thus help to confirm that the series is stationary in level.
Dickey Fuller (DF) GLS Unit Root Test
To further confirm the stationarity of the series in level as shown by the result of time plot, ACF and PACF plots as well as Q-statistic test and to know the order of integration of the series, we conduct unit root test in level of the series using Dickey-Fuller Generalized Least Squares unit root test procedure. The result of the DF-GLS unit root test in level is reported in Table 2 . 
Selection of Model Order
The spikes of ACF and PACF in Fig. 3 both decayed quickly to zero. This suggest a mixed ARMA model for the series while the DF-GLS unit root test shows the order of integration of the series to be zero, I(0). We need to marry these two basic ideas to search for an optimal ARMA (p,d,q) model using information criteria, log likelihood and R 2 statistic bearing in mind that = 0. The result is reported in Table 3 .
The result of Table 3 indicates that ARMA (1,1) model has the least information criteria, largest log likelihood and highest R 2 . Based on BoxJenkins procedure, this seems to describe our time series data more adequately. We therefore select ARMA (1,1) as the best candidate to model and forecast hepatitis B virus infection among volunteer blood donors in Lafia, Nassarawa state-Nigeria . The parameter estimates of ARMA (1,1) are presented in Table 4 . From the result of Table 4 , the estimated ARMA (1,1) model is represented in equation (11) The result of equation (11) 
Model Validation and Diagnostic Checks
We now validate our model by carrying out residual diagnostic check on the estimated ARMA (1,1) model.
ACF and PACF plots of residual
We examine the adequacy and goodness of fit of the model by means of plotting the ACF and PACF of residuals. If all the sample autocorrelation coefficients of the residuals are within the 95% confidence bounds, then the residuals are white noise indicating that the model is a good fit. The ACF and PACF plots are presented in Fig. 3 . Fig. 3 shows that all the sample autocorrelation coefficients of the residuals are within the confidence bounds indicating that the residuals are white noise and the fitted model is stable and stationary.
We also conduct Ljung-Box Q-statistic test of serial correlation (autocorrelation) for residuals of the fitted model. The result of the test is presented in Table 5 .
From the result of Table 5 , the null Hypothesis of no serial correlation in the residuals of the fitted model at all lags is accepted since the p-values of the Q-statistics are all greater than 0.05. This shows that the estimated model is stationary and dynamically stable. 
Stability and invertibility analysis
Another evidence to show that the estimated model is dynamically stable is that the inverse From the root of AR and MA polynomials of the fitted model presented in Table 4 , AR root = 0.72 and MA root = 0.87 and we estimate that tan = ⁄ = 0.72 0.87 ⁄ = 0.8276 and = 39.61°. Thus, the life cycle of hepatitis B virus infection among blood donor in the study area is 360°39.61°= 9.09 ≈ 9 ⁄ months and we say that hepatitis B virus infection among blood donors in Lafia-Nigeria has a life cycle of 9 months which could be describe as chronic, a disease condition in which if not properly treated will lead to severe liver complications and high risk of developing serious sequelae, such as cirrhosis and hepatocellular carcimona.
Forecast evaluation
Having validated our model, we now seek an appropriate forecast mode that best forecast future relevant series. Here we consider insample and out-of-sample forecasts using seven accuracy measures. The forecast mode with the least accuracy measures stands as the best to predict hepatitis B virus infection among blood donors in Lafia-Nigeria. The result of forecast comparison is presented in Table 6 .
The accuracy measures automatically select outof-sample forecast mode for our model. This is because the out-of-sample forecast has the least accuracy measures except for covariance proportion (CP). Based on the findings of this study the following recommendations/suggestions are hereby presented:
i.
To further reduce the spread of HBV, government in collaboration with public health authorities need to educate the community and health care providers about HBV transmission routes based on known HBV epidemiology in Lafia and its neighbouring communities. ii.
Hepatitis B vaccine programme should be initiated with a target of reducing the infection rate from its current state. iii.
Future research should be carried out with focus on factors associated with hyperendemic levels of HBV infection in the community.
